Abstract The use of biophysical models in agroecology has increased in the last few decades for two main reasons: the need to formalize empirical knowledge and the need to disseminate model-based decision support for decision makers (such as farmers, advisors, and policy makers). The first has encouraged the development and use of mathematical models to enhance the efficiency of field research through extrapolation beyond the limits of site, season, and management. The second reflects the increasing need (by scientists, managers, and the public) for simulation experimentation to explore options and consequences, for example, future resource use efficiency (i.e., management in sustainable intensification), impacts of and adaptation to climate change, understanding market and policy responses to shocks initiated at a biophysical level under increasing demand, and limited supply capacity. Production concerns thus dominate most model applications, but there is a notable growing emphasis on environmental, economic, and policy dimensions. Identifying effective methods of assessing model quality and performance has become a challenging but vital imperative, considering the variety of factors influencing model outputs. Understanding the requirements of stakeholders, in respect of model use, logically implies the need for their inclusion in model evaluation methods. We reviewed the use of metrics of model evaluation, with a particular emphasis on the involvement of stakeholders to expand horizons beyond conventional structured, numeric analyses. Two major topics are discussed: (1) the importance of deliberative processes for model evaluation, and (2) the role computer-aided techniques may play to integrate deliberative processes into the evaluation of agroecological models. We point out that (i) the evaluation of agroecological models can be improved through stakeholder follow-up, which is a key for the acceptability of model realizations in practice, (ii) model credibility depends not only on the outcomes of well-structured, numerically based evaluation, but also on less tangible factors that may need to be addressed using complementary deliberative processes, (iii) comprehensive evaluation of simulation models can be achieved by integrating the expectations of stakeholders via a weighting system of preferences and perception, (iv) questionnaire-based surveys can help understand the challenges posed by the deliberative process, and (v) a benefit can be obtained if model evaluation is conceived in a decisional perspective and evaluation techniques are developed at the same pace with which the models themselves are created and improved. Scientific knowledge hubs are also recognized as critical pillars to advance good modeling practice in relation to model evaluation (including access to dedicated software tools), an activity which is frequently neglected in the context of time-limited framework programs.
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Conclusion

Introduction
Agroecological systems form the fundamental basis for the provision of food for society and thus underpin human wellbeing. Under the increasing pressures of food demand and declining supply of ecosystem services, their sustainable use and management are an essential research priority. Agroecological systems are ecosystems manipulated by anthropogenic modifications, based on species diversity (Fig. 1 , actual system) in which plants, vertebrate and invertebrate animals, and microbial communities cohabit with agricultural uses (such as crops, livestock, and orchards) in the context of soils, and provide ecosystem services (Gliessman 2007) . Agroecological models are representations of agroecological systems providing an integrated perspective in which the biotic elements (e.g., communities of closely spaced plants) dynamically interact with soil, weather, and management factors (Fig. 1 , model inputs and outputs) to simulate system feedbacks and revise approaches (Fig. 1, modeling flow) . Nowadays agroecological models are software simulation tools summarizing our understanding of how systems operate. They include sophisticated routines for simulating soil water and nitrogen balances as well as plant phenology, biomass accumulation, and partitioning. The way how they evolve over time is challenging because which processes are incorporated into which detail in a model depends on the purposes of the model, which change as knowledge progresses and new questions arise. For instance, abiotic stresses affecting plant growth and productivity (temperature, water, nutrients, etc.) only received attention after the simulation of non-stress conditions was satisfactory (e.g., Tanner and Sinclair 1983; Steduto et al. 2009 ). Also, early models were not much concerned by the effect of elevated atmospheric CO 2 concentration on plant growth and transpiration and on the partitioning of dry matter. The global carbon balance has become an issue of great societal concern (and an important focus of scientific research) during the last decades, when the global emission of CO 2 has continued to increase together with its impact on climate (IPCC 2013) . This has required modeling efforts, for instance, to represent mechanistically the response of leaf photosynthesis to CO 2 levels (e.g., Ethier and Livingston 2004) and so make the models responsive to the changing environmental conditions (Asseng et al. 2013; Bassu et al. 2014; Li et al. 2014) . The impact of biotic stress factors (pests, diseases, and parasites) has also received great attention recently because their development can be modified by climate change (e.g., Maiorano et al. 2014) . The control of these organisms forms an integral part of agricultural production and ecological processes and represents (together with the factors that may hamper soil fertility maintenance) a need in the development of modeling tools for the evaluation and design of sustainable agroecological systems (Colomb et al. 2013 ). The recent advances in scale change methodology (for scaling the information provided by models from the field up to the regional level) have helped building ranges of indicators for the assessment of the contribution of agricultural landscapes (mosaics of agroecological systems) to a sustainable development (Chopin et al. 2014) .
Triggered by the need to answer new scientific questions, but also to improve the accuracy of simulations, model improvement is expected to continue resulting from emerging new questions, better knowledge of physiological mechanisms, and higher accuracy standards (Lizaso 2014) . However, the traditional paradigm in modeling for which modelers analyze the system and developers produce algorithms and programs that they believe would do the best job has weaknesses of its own. In so doing, in fact, scientists and experts often drive the research focus with a narrow or incomplete understanding of the information needs of end users, resulting in research findings that are poorly aligned with the information needs of real-world decision makers (Voinov and Bousquet 2010) . The practice of stakeholder engagement in model evaluation seeks to eliminate this divide by actively involving stakeholders across the phases of the modeling process ( Fig. 1 , modeling flow) to ensure the utility and relevance of model results for decision makers (step 7). As such, stakeholder engagement is a fundamental, and perhaps defining, aspect of model evaluation (step 6, orange box). The evaluation of model adequacy is an essential step of the modeling process, either to build confidence in a model or to select alternative models (Jakeman et al. 2006) . The concept of evaluation, in spite of controversial terminology (Konikow and Bredehoeft 1992; Bredehoeft and Konikow 1993; Bair 1994; Oreskes 1998) , is quite generally interpreted in terms of model suitability for a particular purpose, which means that a model is valuable and sound if it accomplishes what is expected of it (Hamilton 1991; Landry and Oral 1993; Rykiel 1996; Sargent 2001) or helps achieve a successful outcome.
In this paper, model evaluation is discussed in its effectiveness to support modeling projects which are applicable across a broad range of subjects in agroecology. In particular, the role of non-numerical assessment methods, such as deliberative processes, is explored (Sect. 2). Deliberative processes are often used for implementing a participatory approach to decision making in natural resource management as described, for instance, by Petts (2001) for waste management and Liu et al. (2011) for managing invasive alien species. In general, the goal is enhancing institutional legitimacy, citizen influence and social responsibility, and learning. In model evaluation (the focus of this paper), the impact of stakeholder engagement depends on developing effective processes and support for the meaningful participation of stakeholders throughout the continuum of analysis, from setting priorities to study design, to research implementation, and the dissemination of model outcomes. The approach engenders a discursive, reasoning, discussing, double-side learning, and, consequently, influencing countenance, which should come to the fore in stakeholder-oriented evaluation. It can include a range of different interests and concerns and allow for deliberation about "how to model this" and "what model works best" but also to understand "why this model works" or "how it could work better" (after Creighton 1983) . Computer-aided evaluation may help integrate deliberative processes into the evaluation of agroecological models in a systematic way. The role of computer-aided support is considered (Sect. 3), with a focus on the integration of modular tools for evaluation within the overall modeling process. Two examples are provided in Sect. 4 to illustrate research projects with a clear involvement of stakeholders in the evaluation of agroecological models.
Deliberative processes for comprehensive model evaluation
While the methodologies reviewed in other papers (e.g., Bellocchi et al. 2010; Richter et al. 2012) represent the state of the art in terms of structured numerically based evaluation, it cannot be assumed that this analysis is all that is required for model outputs to be accepted particularly when models are used with and for stakeholders. The numerical analysis may provide credibility within the technoscientific research community. Yet, while necessary, this may be insufficient to achieve credibility with decision makers and other stakeholders. Possibly, a real test of model value is whether stakeholders have sufficient confidence in the model to use it as the basis for making management decisions (Vanclay and Skovsgaard 1997) . Figure 2 is representative of the role that science-stakeholders dialogue may play in a comprehensive model evaluation.
The workflow is centered on the evaluation of agroecological models (crop and grassland models are taken as examples) by using data from the experimental and observational research, as well as socioeconomic and climate scenarios (considering that the problem of global changes has generated Fig. 1 The elements of an agroecological system and a scheme of the modeling process. The basic research provides elements to model development to build formal equations (1), characterized by parameters (2), which are further translated into software code (3) to run simulations (5) under conditions represented by environmental factors (4). Model users perform evaluation of model adequacy (6), which is preliminary to the use of model outputs by third parties (7) much interest in the use of model estimates for decision support and strategic planning). This step should integrate different components of model quality, not only the agreement between model outputs and actual data (based on metrics and test statistics), but also elements of model complexity (essentially related to the number and relevance of parameters in a model, which is pertinent for model comparison, Confalonieri et al. 2009 ), as well as an assessment of the stability of model performance over a variety of conditions (Confalonieri et al. 2010) . The deliberative process consists for a group of actors (stakeholders) to receive and exchange information, to critically examine an issue, and to come to an agreement which will inform decision making (after Fearon 1998). The definition of group of actors is intended to be broadly applicable to all stakeholder groups (presented in Box 1) that may be involved in model evaluation in the agroecological domain, understanding that their information needs and eventual utilization of model results may differ. A related foundational step is to also gain agreement regarding the general categories of stakeholders that are essential to the evaluation of agroecological models. Stakeholder categories that should be considered for inclusion in model evaluation with brief descriptions and examples are listed in Box 2, recognizing that these categories may not be exhaustive or mutually exclusive. For example, environmental sciences industry stakeholders have their own category but also frequently fund research activities (e.g., carbon trade companies invest in projects that reduce greenhouse gas emissions). The implication of stakeholders of different nature in this process would expand the horizon of model evaluation (after Balci and Ormsby 2002) up to considering aspects related to the specific context of research (Sect. 2.1), the credibility of model outputs when exploited for given purposes (Sect. 2.2), the transparency of the modeling process (Sect. 2.3), and the uncertainty associated with model outputs (Sect. 2.4), until a critical examination of the scientific background behind the models used (Sect. 2.5). Stakeholder approaches to model evaluation can also differ, as discussed in Sect. 2.6. These concepts, developed and set out to represent applications of environmental modeling (Matthews et al. 2011) , have been clarified and put into the context of modern views on model evaluation, which opens up to the development of supporting and analytical tools (and the processes of using these tools) standing on the frontier of science and decision making (Matthews et al. 2013 ).
Dependence on the context
That the context within which models are used will affect the required functionality and/or accuracy is well recognized by model developers (French and Geldermann 2005) . This is particularly apparent when comparing models developed to represent the same process at different scales and for which different qualities of input variables, parameterization/initialization, and data for evaluation will be available, for example, soil water balances at plot, farm, catchment, and region (e.g., Keating et al. 2002; Vischel et al. 2007 ). This has led to the development of application-specific testing of models and the idea of model benchmarking, by comparing simulation outputs from different models, where outputs from one simulation can also be accepted as a "standard" (based on previous evaluations, e.g., Vanclay 1994) . Such approaches typically use multicriteria assessment (e.g., Reynolds and Ford 1999) with performance criteria weighted by users depending on their relative importance. Benchmarking tools are associated with alternative options for modeling (Hutchins et al. 2006) .
Beyond the aspects of model performance covered by benchmarking, however, there are a range of factors that are increasingly being recognized as having a considerable effect on the use of models and their outputs and which mean that a case can be made for a wider consideration of how models are evaluated. The frequent failure for models and other modelbased tools such as Decision Support Systems (DSS) to be seen as credible sources of information has been variously attributed to their lack of transparency, complexity, and difficulty of use (Rotmans and van Asselt 2001) and ultimately to the problem of implementation (McCown 2002a; Matthews et al. 2008b ). Yet, despite advances in the documentation of modeling procedures such as Harmoni-QuA (http:// harmoniqua.wau.nl) and model testing (Bellocchi et al. 2010 ) and the increasing sophistication of (and access to) human-computer interfaces and modeling tools (e.g., modeling platforms, http://www.gramp.org.uk; https://www6.inra. fr/record_eng/Download;http://mars.jrc.ec.europa.eu/mars/ 
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Biophysical-Model-Application-BioMA), there still remains a significant distrust of model-based outputs with many stakeholders and decision makers.
Model credibility
One of the principles of evaluating models dictates that complete testing is not possible (Balci 1997) ; thus, to prove that a model is absolutely valuable is an issue without a solution. Exhaustive evaluation requires testing all possible model outputs under virtually all possible input conditions. Due to time and budgetary constraints, exhaustive testing is frequently impossible. Consequently, in model evaluation, the purpose is to increase confidence that the accuracy of the model meets the standards required for a particular application rather than establish that the model is absolutely correct in all circumstances. This suggests that the challenge for model evaluation is that in addition to ensuring that minimal (applicationspecific) standards are met, the testing should also increase the credibility of the model with users and beneficiaries while remaining cost-effective. As a general rule, the more tests that are performed in which it cannot be proven that the model is incorrect, the more confidence in the model is increased. Yet, the low priority typically given to evaluation in model project proposals and development plans indicates a tendency toward the minimum standard approach alone being adopted. Where models are used for decision support or evidencebased reasoning, the credibility of estimates is a key to the success of the model. Credibility is a complex mix of social, technological, and mathematical aspects that requires developers to include social networking (between developers, researchers, and end users/stakeholders) to determine model rationale, aim, structure, etc. and, importantly, a sense of coownership. Drawing on experience within the agricultural DSS paradigm (McCown 2002a; McCown et al. 2005) and earlier research on the use of models within industrial manufacturing processes (McCown 2002b) have shown that the limited use of models is often due to their lack of credibility. One key component to this credibility is that the model should represent the situated internal practice of the decision maker. This means that models should, first of all, make available all the key management options that the decision maker considers important. Secondly, it should respond to an acceptable degree to management interventions in a way that matches with the decision maker's experience of the real system. In terms of models of natural process, management can be substituted with alternatives, such as external shocks, perturbations to the drivers of the system (e.g., climate change). The representation of the system, however, needs not be perfect, since decision makers are used to dealing with complex decisions in information poor or uncertain environments, but must not clash with established expectations (or clash only in specific intended aspects, Matthews et al. 2008b) . It is further argued that credibility of model-based applications also depends on their ability to fit within and contribute to existing processes of decision making (McCown 2002a) . This can be particularly challenging, as such processes may impose time constraints that may be difficult to meet and also require model developers or associated staff to be proactive in seeking application for their models in their validity domain (something that they may not be trained or indeed funded to do). Model developers may also find that decision makers are reluctant to concede agency (McCown 2002a) to software tools, however well evaluated, since their professional standing is at least partially based on their ability to make complex judgment-based decisions. The need to widen the consideration within evaluation merely from what the model does to how it will be used by, with, or for stakeholders is therefore essential.
Model transparency
While lack of transparency is frequently cited as the reason for the failure of model-based approaches, it is important to challenge some of the assumptions and conclusions that are drawn on how to respond to the issue of transparency. One response is to make models simpler, and hence, the argument goes easier to understand. Yet, while simplicity is in itself desirable (Raupach and Finnigan 1988) and the operation of simpler models may indeed be easier to understand, it may well be that the interpretation of their outputs is not simpler, and indeed, their simplicity may mean that they lack the capability to provide secondary data which can ease the process of interpretation. There is also a trade-off between simplicity and flexibility, and this flexibility may be a crucial factor in allowing the tools to be relevant for counterfactual analyses. For achieving a balance between simplicity and flexibility, within the model development process, the reusable component approach combined with a flexible model integration environment seems to be the most promising approach (van Ittersum 2006), which requires programing language and standards targeting at modularity and extension of solutions (Donatelli and Rizzoli 2007) .
Model uncertainty
The problem of uncertainty contained in model outputs remains as a real challenge to the use of models as part of decision making or informative processes. In part, this is simply a matter of realizing that there are four kinds of issues (French and Geldermann 2005 )-the known (for which models are irrelevant as decision makers already have the knowledge that they need), the knowable with additional information (a case where models may have a key role in providing or synthesizing data to provide information), the complex (where models may have a similar role but where there is significant and irreducible uncertainty), and, finally, the chaotic where only short-term planning is possible and efforts need to be focused on adapting to unpredictable events. Uncertainty can arise from any number of sources (model structure, parameterization, input data, initialization), and how it manifests itself in the model estimates can be difficult to determine, but incorporation of expert stakeholder interpretation helps separate the knowable with additional information from the chaotic. An example is seen in climate change and impact projections, where differing levels of uncertainty exist across the multiple elements (biophysical, political, economic, etc.) . Lack of certainty on the future is, first of all, in relation with prospective visions at various scales: global (socioeconomic scenarios), regional (land and soil uses), and field (agricultural systems, genotypes, practices). As well, the chaotic character of the climate system (e.g., interannual climate variability and effect of initial conditions) limits the reliability of climate projections. Here, for instance, in the case of crop response to CO 2 enrichment, the knowable with additional information from models indicates how crops would respond to a future climate, but large uncertainties exist in the climate model projections (complex) and scenarios which drive them (chaotic). In addition, another component of uncertainty is constituted by the extent of our imperfect knowledge of processes (and their interactions) imbedded in models (epistemic uncertainties). In climate modeling, this mainly refers to atmospheric and biosphere physics, ocean-atmosphere coupling, empirical relationships embedded, parameterization, and spatial resolution. At smaller scales, impact models (such as crop models) may suffer from omitted or disregarded climate-connected processes in the long term and their interactions (structure), as well as shifting of parameter values due to new climate conditions (parameterization). In such an example, it becomes possible to present possible outputs (e.g., estimates of future conditions) for review by stakeholders who are then able to assess the different levels of uncertainty across the multiple elements and estimate their own projections relevant to their own area of expertise. This has urged for benchmarking actions at an international level, where estimation of process-oriented epistemic uncertainties is done by running several models supposed to simulate the same reality (ensemble modeling) so as to generate an expanded envelope of uncertainty (Fig. 3) , whereby uncertainty accumulates throughout the process of climate change prediction and impact assessment ("cascade of uncertainty", after Schneider 1983; Boe 2007) .
In presenting future impact projections (Fig. 4) , the deliberative process identifies possible aspirations (what stakeholders would like to happen), expectations (what they think will happen), and possible adaptations, i.e., to cope with climate change (what can happen), on the basis that stakeholders acknowledge the uncertainty but can consider contingency plans (Matthews et al. 2008a) .
The climate change literature widely discusses uncertainties and the need to build the computational ability of models, especially in relation to issues of local adaptation. Papers often reflect the institutional and political barriers presented by the divide between adaptation measures that focus on the role of agroecosystems (as identified by models) and those that support the role of communities (Girot et al. 2012) . Public participation in decision making through the use of deliberative processes would enhance legitimacy of modelbased advices (identification and implementation of adaptation measures), develop social responsibility, and learning how to make decisions and problem solving. Through the co-development of alternative future scenarios, it is possible to raise awareness of the issues, provide new information, influence attitudes, and begin to stimulate action, despite the inherent uncertainty. However, modelers need to be able to manage the expectations of stakeholders as to how likely it is that research will be able to provide an answer and how good that answer will be. Ultimately, there is a limit as to how valuable a model can be, after which point stakeholders must make their own evaluations on its utility. Climate change in the tropics and the role of agrobiodiversity for adapting to variability and sustaining local livelihoods are examples where the sole source of knowledge may reside among local users and managers (Mijatović et al. 2013) . Knowledge systems of this type (locally or regionally maintained, adapted, and transmitted, e.g., Tengö et al. 2014) can help the science policy community to think beyond aspects that can be fitted into models, and the variables that continue to be refined by model improvement might well be what policymakers begin to identify they want refined.
Modeling background
The issues of transparency and uncertainty are, however, often conflated with situations where the research that forms the basis of the models is contested. It is important to recognize that the scientific understanding, while the best available, may still be contested or contestable; thus, criticism for lack of transparency may just be a screen for stakeholders with legitimate or selfish vested interest disagreeing with the outcomes of the model (e.g., Caminiti 2004 ). Many of the decisions in natural resource management have substantial normative components, e.g., the preferences for alternative outcomes expressed as minimum standards or thresholds or the ideal state to which a systems' management should lead (Rauschmayer and Wittmer 2006) . In these cases, it may be that disagreement on the model outcomes is simply a means of delaying or preventing undesirable outcomes. In such circumstances, it is preferable that inclusive processes be undertaken. These issues have been explored further in the context of environmental modeling and policy by Kolkman and van der Veen (2006) who conclude that it is only through a process of identifying alternative mental models of the model developer and other interested parties (formulations of process deriving from the individuals' perspectives) that the true value of models may be determined.
Stakeholder approaches
Stakeholder-inclusive approaches to increasing the credibility and thus value and appeal of models can be conducted ex ante or post hoc. While the former is seen as the most desirable, since the stakeholders get to influence from the outset the content and assumptions within the model, such modeling can be expensive, can have difficulties in meeting the expectations of stakeholders, and maintaining their interest and involvement may be difficult within what can be a protracted development process. There is also the potential for impasse if there are conflicting interests within the stakeholder groups and issues of control between developers and stakeholders.
Tensions may emerge between modes of expression, for example, when members of the public use anecdotal and personal evidence while experts use systematic and generalized evidence based on abstract knowledge (Dietz et al. 1989 ). This requires the deliberative process to explore the hidden rationalities in the arguments of any party and thus avoid that the two modes remain in different corners. Despite these caveats, approaches such as mediated modeling have been in fact successfully used within the social sciences as part of processes to address (through the exercise of value-laden judgments) complex issues with conflicting stakeholder groups (Rauschmayer and Wittmer 2006) .
For post hoc processes, a version of the model exists and is used within the process as a boundary object (that is a stand in for reality that allows contending parties to make their case by arguing through the model rather than directly at one another). The underlying principle of such processes is that conflicting views of the world are best resolved through deliberation (Dryzek 2000) , that is reason-based debate, where evidence is presented and evaluated. The role of models in such Fig. 3 The cascade of uncertainty scheme (after Boe 2007) implied by coupling the probability distributions for emissions and biogeochemical cycle calculations to arrive at greenhouse gas (GHG) concentrations needed to calculate radiative forcing, climate sensitivity, climate impacts, and evaluation of such impacts into agroecological systems. Impact assessment is achieved through "top down" methods which focus on developing fine-scale climate data from coarse-scale global climate models. The resulting local-scale scenarios are fed into impact models to determine vulnerability Fig. 4 Deliberative process in model-based climate change studies. The simulation process uses an integrated modeling framework to estimate the impacts. The deliberative processes allow the research team to elicit influential factors in determining alternative scenarios, such as aspirations, expectations, adaptations, and practitioner interpretation. The primary outcome from the process is the generation and critical evaluation of scenarios that include anticipated decision maker adaptations and hypotheses to be tested processes can be to assist as a common framework within which to compare and contrast alterative formulations. Such activities can also be useful in making assumptions and tradeoffs explicit (Matthews et al. 2008b) . Models in such a role need to be sophisticated and flexible enough for each interested party to be able to represent their strategies, the emphasis being on the ability of the model to adequately represent subjects under dispute with appropriate levels of transparency. Experience in the use of such approaches indicates that they can be successful not only in knowledge elicitation, but also in targeting and prioritizing model development of primary research ). There are also examples where models developed initially, as research tools have subsequently been used within a Participatory Action Research (PAR) paradigm (a mixture of the ex ante and post hoc cases above) (Meinke et al. 2001; Carberry et al. 2002; Keating et al. 2003) . Such applications have helped both build the credibility of the models with stakeholders through collaborative use and adapted the form and content of models based on these interactions.
Summary
To evaluate simulation models is far more urgent, as many of the decisions in agroecology are based on model outcomes. Dealing with existing agroecological systems and designing new ones are a priority that deliberations about model evaluation contribute to accomplish in a more efficient (maybe more appropriate) manner, in any case with more awareness if genuine collective deliberations are possible. The central issue is to think and conceive model evaluation in a clear decisional perspective about type of model, operability, transparency, etc. As several models are at hand, "mod-diversity" imposes the analysis of case-by-case issues, while also integrating the specific context in a larger-scale perspective (in space and time).
Computer-aided evaluation techniques
Complex biophysical models are made up of mixtures of rate equations, comprise approaches with different levels of empiricism, and make use of partially autocorrelated parameters. These models aim to simulate systems which show a nonlinear behavior, and they are often solved with numerical solutions, which are more versatile than analytical solutions (which typically apply to fairly simple situations). Modeling applications are therefore based on software (inherently complex and difficult to engineer), and it is the computer program (Fig. 1, right, step 5 ), including technical issues and possible errors, to be tested rather than the mathematical model (Fig. 1 , right, step 4) representing the system (van Ittersum 2003) .
Each version of a model, throughout its development life cycle, should be subjected to output testing, thanks to test scenarios, test cases, and/or test data. Applying the same test to each model release is repetitive and time-consuming, requiring the preservation of the test scenarios, test cases, and test data for reuse. Modelers are hardly capable of developing reasonably large and complex modeling tools and guaranteeing their accuracy over time. A disciplined approach, effective management, and well-educated personnel are some of the key factors affecting the success of software development. Modeling professionals in agroecology can learn a lot from software engineering, stakeholder deliberation, and other disciplines, in order to include the necessary knowledge to conduct successful model evaluation. To meet the substantial model quality challenges, it is necessary to improve the current tools, technologies, and their cost benefit characterizations (Sects. 3.1 and 3.2). The emergence of new technologies in simulation modeling has, in fact, fostered debate on the reuse and interoperability of models (Sect. 3.3). This has implications for the practice of model evaluation (Sect. 3.4) because the deliberative process may inform the selection of evaluation metrics and setting of thresholds and weights in computer-aided evaluation.
Concepts and tools
Evolution in model evaluation approaches, also accompanied by the creation of dedicated software tools (Fila et al. 2003a, b; Tedeschi 2006; Criscuolo et al. 2007; Olesen and Chang 2010) , has culminated in reviews and position papers (Bellocchi et al. 2010; Alexandrov et al. 2011; Bennett et al. 2013 ) with the aim of characterizing the performance of models and providing standards for publishing models in forms suitable for use by broad communities (Jakeman et al. 2006; Laniak et al. 2013) . Several evaluation methods are available, but, usually, only a limited number of methods are used in modeling projects (as documented, for instance, by Richter et al. 2012 and Ritter and Muñoz-Carpena 2013) , often due to time and resource constraints. This is also because different users of models (and beneficiaries of model outputs) may have different thresholds for confidence: some may derive their confidence simply from the model reports displayed, and others may require more in-depth evaluation before they are willing to believe the results. In general, limited testing may hinder the modeler's ability to substantiate sufficient model accuracy.
Model coding
A large number of existing agricultural and ecological models have been implemented as software that cannot be well maintained or reused, except by their developers, and therefore cannot be easily transported to other platforms (Reynolds and Acock 1997) . In order to include legacy data sources into newly developed systems, object-oriented development has emerged steadily as a paradigm that focuses on granularity, productivity, and low-maintenance requirements (Timothy 1997) . While some research has been undertaken focusing on establishing a baseline for evaluation practice, rather less work has been done to develop a basic, scientifically rigorous approach to be able to meet the technical challenges that we currently face. This activity can be valuably supported by modular, object-oriented programing on both sides of modeling and evaluation tools, allowing consolidated experience in evaluating models to be formed and shared.
Software objects are designed to represent elements of the real world, and the focus needs to be on the development of consistent design patterns that encourage usability, reusability, and cross-language compatibility, thus facilitating model development, integration, documentation, and maintenance (Donatelli et al. 2004 ). In particular, component-oriented programing (combination of object-oriented and modular features) takes an important place in developing systems in a variety of domains, including agroecological modeling (Papajorgji et al. 2004; Argent 2004a Argent , b, 2005 . Although different definitions of "component" do actually exist in the literature (Bernstein et al. 1999; Booch et al. 1999; Szypersky et al. 2002 ), a component is basically an independent delivered piece of functionality, presented as a black box that provides access to its services through a defined interface.
The component development paradigm is to construct software that enables independent components to be plugged together. This requires an environment that implements the communication issues of the components' interaction. The platform-independent Java language (http://java.sun.com) and the .NET technology of Windows (http://www. microsoft.com/net), for instance, have emerged with the aim to support interoperability between different components and therefore facilitating their integration process. Some advantages of component-based development that can be realized for model application development are (Rizzoli et al. 1998; Donatelli and Rizzoli 2007 ) the following: reduction of modeling project costs in the long term, enhancement of model transparency, expansion of model applicability, increase of automation, creation of systematically reusable model components, increase of interoperability among software products, and convenient and ready adaptation of model components.
Modular simulation
The increasing complexity of models and the need to evolve interoperability standards have stimulated advanced, modular, object-oriented programing languages, and libraries that support object-oriented simulation. Various object-and component-oriented solutions have approached the issue of agricultural and environmental modeling, such as maize irrigation scheduling (Bergez et al. 2001) , multiple spatial scales ecosystems (Woodbury et al. 2002) , greenhouse control systems (Aaslyng et al. 2003) , weather modeling , households, landscape, and livestock integrated systems (Matthews 2006) . In the same context of the agricultural and environmental modeling community, alternative frameworks have been made available to support modular model development through provision of libraries of core environmental modeling modules, as well as reusable tools for data manipulation, analysis, and visualization (Argent et al. 2006) . There is some consensus (Glasow and Pace 1999) that component-based development is indeed an effective and affordable way not only for creating model applications but also for conducting model evaluation. Particular emphasis should be placed on designing and coding object-oriented simulation models to properly transfer simulation control between entities, resources, and system controllers. It is crucial, therefore, to consider the issue of model value when considering model reuse, as it needs to be a fundamental part of any reuse strategy.
Coupling between simulation and evaluation
Where complex models are to be evaluated, options are available to combine detailed numeric and statistical tests of components and subprocesses with a deliberative approach for overall model acceptance. Model development should aim to incorporate automated evaluation checks using embedded software tools, with the aim of achieving greater cost and time efficiency and to achieve a higher level of credibility. The distribution of already evaluated model components can substantially decrease the model evaluation effort when reused. A key step in this direction is the coupling between model components and evaluation techniques, the latter also implemented into component-based software. Figure 5 illustrates a possible coupling strategy.
The evaluation system stands at the core of a general framework where the modeling system (e.g., a set of modeling components) and a data provider supply inputs to the evaluation tool. The latter is also a component-based system as well, both communicating with the modeling component and the data provider and allowing the user to interact in some way to choose and parameterize the evaluation tools. The output coming out of the evaluation system can be offered to a deliberative process (stakeholder review) for interpretation of results (see Sect. 2). Without a procedure to reach consensus (deliberative process), an automatic process based on numerical tests would stand at the forefront of model evaluation leaving behind stakeholder assessment an interpretation. Adjustments in the modeling system or parameterization/initialization can be made afterward, if the results are assessed as unsatisfactory for the application purpose. A new evaluation-interpretation cycle can be run any time that new versions (solutions) of the modeling system are developed. Again, a well-designed, component-based evaluation system can be easily extended toward including further evaluation approaches to keep up with evolving methodologies, i.e., statistical or fuzzy-based (e.g., Carozzi et al. 2013; Fila et al. 2014) .
The scheme of Fig. 5 closely resembles the coupling of freeware, Microsoft COM-based tool IRENE_DLL (Integrated Resources for Evaluating Numerical Estimates_Dynamic Link Library, Fila et al. 2003b ; available for downloading through the web site http://www.sipeaa.it/tools) with the model for rice production WARM (Confalonieri et al. 2005; Bellocchi et al. 2006) , in which the double arrow at the level of stakeholder assessment and interpretation indicates that the deliberative part informs the selection of metrics and module for evaluation, and the setting of thresholds and weights in the evaluation tool. The modular structure of IRENE_DLL allowed it to be integrated into the WARM application software, including a calibration tool for evaluation of objective functions . In this way, evaluation runs can be automated and executed on either individual model components (e.g., Bregaglio et al. 2012; ) or the full model at any time that components are added or modified, using a wide range of integrated metrics, as also shown by Fila et al. (2006) with a tailored application for evaluation of pedotransfer functions.
Since IRENE_DLL was developed, the componentoriented paradigm has evolved, specifying new requirements in order to increase software quality, reusability, extensibility, Fig. 5 Integrated system of modeling tools, data provider, and evaluation tools. The evaluation component communicates with both the modeling structure and the data provider via a suitable protocol, while allowing the user to interact via a dedicated graphical user interface. Adjustments in the modeling system or critical reviewing of data used to evaluate the model can be made afterward (via deliberative process), if the results are deemed to be not satisfactory. A new evaluation/interpretation cycle can be run any time that new versions of the modeling system are developed by modifying basic model components and generate new modeling solutions and transparency for components providing solutions in the biophysical domain (Donatelli and Rizzoli 2007) . A .NET (http://www.microsoft.com/net) redesign was performed (Criscuolo et al. 2007 ; Simulation Output Evaluator, through http://agsys.cra-cin.it/tools/default.aspx) to provide third parties with the capability of extending methodologies without recompiling the component. This ensures greater transparency and ease of maintenance, also providing functionalities such as the test of input data versus their definition prior to computing any simple or integrated evaluation metric. Making it in agreement with the modern developments in software engineering, the component for model evaluation better serves as a convenient means to support collaborative model testing among the network of scientists involved in creating component-oriented models in the agroecological domain Bergez et al. 2013 ).
Summary
Easy to maintain and reusable code is of paramount importance in model development. Component-based programing is an affordable way to effectively reduce the development cost (or recover it in the long run). In this respect, it is essential that model evaluation becomes an integral part of the overall model development and application process. Hence, we would argue that a great emphasis should be put on evaluation plans within scientific projects in which model applications cover a variety of time and space scales. Matching these scales and ensuring consistency in the overall modeling flow are not a trivial process and may be difficult to automate without access to model environments preventing from hard coding to couple simulation and evaluation tools. This calls for the need to develop evaluation techniques at the same pace with which the models themselves are created and improved (by developers) and applied (by users), while also model outputs are exploited (by beneficiaries).
4 Deliberation processes in model evaluation: the examples of MACSUR and MODEXTREME Whether evaluation is a scheduled action in modeling, little work is published in the open literature (e.g., conference proceedings and journals) describing the evaluation experience accumulated by modeling teams (including interactions with the stakeholders). Failing to disseminate the evaluation experience may result in the repetition of the same mistakes in future modeling projects. Learning from the past experience of others is an excellent and cost-effective educational tool. The return on such an investment can easily be realized by preventing the failures of modeling projects and thus avoiding wrong simulation-based decisions. This section deals with the kind of deliberation on model evaluation proposed by discussion forums established within two international projects.
Modelling European Agriculture with Climate Change for Food Security-a FACCE JPI Knowledge Hub
The MACSUR (http://www.macsur.eu, [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] [2014] [2015] knowledge hub (as well as parallel programs such as AgMIP, http://www.agmip.org, or other initiatives of the FACCE JPI, http://www.jpifacce.org) holds potential to help advance good modeling practice in relation with model evaluation (including access to appropriate software tools), an activity which is frequently neglected in the context of time-limited projects. In MACSUR CropM-LiveM (croplivestock modeling) cross-cutting activities, a questionnairebased survey (through http://limesurvey.macsur.eu) on fuzzylogic-based multimetric indicators for model evaluations helped understanding of the multifaceted knowledge and experience required and the substantial challenges posed by the deliberative process. A composite indicator (MQI m : Model Quality Indicator for multisite assessment), elaborated by a limited group of specialists, was first revised by a broader representative group of modelers and then assessed via questionnaire survey of all project partners (scientists and end users, including trade modelers), the results of which were presented in an international conference (Bellocchi et al. 2014a) . The indicator aggregates the three components of model quality-agreement with actual data, complexity, and stability-represented in Fig. 2 and described by Bellocchi et al. (2014b) . Seven questions were asked about indicator characteristics, which were answered by 16 respondents. The responses received (Fig. 6 ) reflect a general consensus on the key terms of the original proposal, although caution is advised on how metrics were formulated (question 3). In particular, some remarks and considerations suggested that other factors than purely climatic ones (such as soil conditions) may play a role in the concept of robustness and the construction of its metric (after Confalonieri et al. 2010) . For a first attempt, this was encouraging, even if the relatively small number of answers received (~20 % of partner teams) indicates that there is still a difficulty to transfer the brainstorming items into a formal model evaluation process based on fuzzy-logic-based rules.
MODelling vegetation response to EXTREMe Events-European Community's Seventh Framework Programme
The EU-FP7 project MODEXTREME (http:///www. modextreme.org, [2013] [2014] [2015] [2016] is an example of sciencestakeholder dialogue where a platform of diverse stakeholders (from local actors to institutional parties) is established to evaluate agroecological models. The aim is to represent the impact of extreme weather events on agricultural production. The strategy is to develop and implement modeling solutions and couple them with numerical evaluation tools (as described in Sect. 3.4) using the capabilities of the platform BioMA (http://mars.jrc.ec.europa.eu/mars/About-us/AGRI4CAST/ Models-Software-Tools/Biophysical-Model-ApplicationBioMA). The mass of stakeholder engagement reveals four clusters (after Spitzeck and Hansen 2010), as presented in Fig. 7 .
The cluster "dialogue and issues advisory" demonstrates a high diversity of stakeholders with low power; i.e., broad types of stakeholders within operational and managerial scope (farmers, providers of agricultural services, field research agronomists) are identified locally, mainly by non-European project partners (Brazilian Corporation of Agricultural Research, Argentinian National Agricultural Technology Institute, University of Pretoria in South Africa, Chinese Academy of Agricultural Sciences). The cluster "issues of collaboration" is characterized by a partner (Food and Agriculture Organization of the United Nations) with considerable power, regarded as a stakeholder for the clear understanding of specific issues (food security) beyond the scope of the project and within a limited scope (local communities). In the cluster "strategic collaboration," stakeholders are a limited group of institutional actors (at the level of European Commission), regarded as partners for their direct involvement in research actions via survey techniques, meetings with representatives, and exchange of datasets (http://modextreme.org/event/dgagri2014). The power is high because the Joint Research Centre and the directorate for agriculture have the control to transfer scientific advances from the project into knowledge suitable for policy implementation in Europe (e.g., inseason crop monitoring and forecasts, integrated assessments in agriculture, and price regulation of agricultural commodities). The final cluster "strategic advisory and innovation" leads to institutional diversity, still at the level of European Commission. In contrast with the strategic collaboration predominant in the prior cluster, this cluster Fig. 6 Questionnaire survey of MACSUR partners about fuzzylogic-based indicator for model evaluation. The Model Quality Indicator for multisite assessment (MQI m ) integrates different components of model quality such as the agreement between model outputs and actual data, elements of model complexity, and an assessment of the stability of model performance over a variety of conditions. The results show that most respondents agree on the settings (metrics, modules, thresholds, weights) configured by specialists Fig. 7 Clusters of stakeholder engagement. There are four clusters of stakeholder groups (A, B, C, and D). The scope increases from advisory and collaborative issues (A, B, and D) to a strategic level of interaction (C). Different levels of power include situations where no evidence of stakeholder influence is provided (A) to a stage where stakeholders have a say in decision making (C). Stakeholder diversity diminishes with increasing scope and power advises the dissemination strategy broadly (large scope extending to climate, environment, energy, and research), with less power for implementation.
Summary
The experiences in MACSUR and MODEXTREME demonstrate that deliberative engagement processes can be implemented within research projects and can be used to guide model evaluation. The kind of deliberation on this topic is not exhaustive, but the two projects are a good initial step to support evaluation of agroecological models with deliberation. The peculiarities of these forums, mostly characterized by asynchrony in written exchanges, absence of face-to-face interaction, and anonymity, suggest to reconsider the ways in which stakeholder may participate in the evaluation of models. In particular, the analysis of messages as well as interviews with participants indicates the need for an improvement of the rules which structure the participatory approach. The perception gap of agroecological models (and their use) between different actors can hinder expression. The arguments and skills used by participants in discussions should therefore be reconsidered.
Conclusion
This review has covered the issues of model evaluation in agroecology. Model evaluation is a multifaceted complex process that is strongly influenced by the nature of the models as well as the conditions where they are applied. There is an increasing interest in the use of biophysical models to analyze agroecological systems, quantify outcomes, and drive decision making. Modeling applications have increased in the last decades, and the concept of model-based simulation of complex systems sounds attractive to support problem solving. However, problems exist when systematic and generalized evidence based on abstract knowledge is used by modelers, leaving potential model beneficiaries with less influence on decisions. The participatory and deliberative feature suggests that the beneficiaries of model outputs may voice their complaints and desires to the model providers, discuss with each other and with the model providers, and, to some extent, influence and take responsibility for model content. A transition from model evaluation as academic research toward model evaluation as a participative, deliberative, and dialogue-based exercise (illustrated with two examples from international projects) is therefore desirable to raise the bar of model credibility and thus legitimate the use of agroecological models in decision making. Currently, the software technology to assist participatory approaches for model evaluation exists. The major limitation remains the difficulty to establish disciplined approached, effective management, and well-educated personnel within the time limitation and budgetary constraints of research projects. However, the continuing interest in the use of agroecological models to set ground for decisions offers opportunities to look at model evaluation with a fresh angle of vision and to question about opening new ways to see the principles of deliberative processes and software model development to converge.
